ABSTRACT In this paper, an asynchronous sparse Bayesian learning (ASBL) algorithm-based receiver for uplink (UL) grant-free transmission is proposed. The time-domain channel estimation is performed by the ASBL algorithm to obtain the channel impulse response (CIR) for each user. Then, the support vector machine (SVM) algorithm is adopted to classify the CIRs of all users. Therefore, the sporadic feature of the massive machine-type communication (mMTC) devices is exploited for identification purpose. The proposed algorithm is verified over asynchronous multipath fading channels and compared with previously compressed sensing (CS)-based algorithms, including the orthogonal matching pursuit (OMP) algorithm and the detecting-based OMP (DOMP) algorithm. Compared with the traditional CS algorithms, the proposed algorithms can reduce the false alarm rate by 70% and obtain a more accurate set of active users.
I. INTRODUCTION
The fifth generation (5G) wireless communication network proposes a massive machine-type communication (mMTC) scenario which provides wireless connectivity for a large number of low-complexity and low-power devices. And the mMTC standard [1] points out that this scenario has the characteristics of sporadic active users and uplink-dominated transmissions. But there exist two challenges in supporting the massive connectivity of mMTC in the conventional wireless communication (i.e., the LTE system). One of them is a waste of resources caused by the orthogonal allocation of time-frequency resources among a large number of devices. The other one is the signaling overhead due to handshaking-based scheduling.
In order to alleviate the significant signaling overhead caused by complicated scheduling, grant-free access has been proposed recently [2] . It allows devices to transmit without waiting for the base station (BS) to grant them radio resources. However, grant-free access seriously suffers from
The associate editor coordinating the review of this manuscript and approving it for publication was Guan Gui. a resource collision, which is due to the contention based access by multiple devices. Fortunately, non-orthogonal multiple access (NOMA) is not only a solution of the scarcity and congestion of available spectrum bandwidth but also a solution of resource collision [3] . NOMA supports the massive connectivity by allowing MTC devices to transform their signals on the same time-frequency resources. Based on the device specific non-orthogonal signatures, NOMA can control the interuser interference caused by the superposition of multiple MTC devices signals. At receiver, NOMA can separate the superimposed user signals by employing a deliberately designed multi-user detection (MUD) receiver and interference cancellation (IC) technology. In [4] , a distributed architecture for applying NOMA to uplink (UL) grant-free transmission has been proposed, where each active user occupies the same resource to transfer information without a complex scheduling procedure.
In the grant-free UL transmission, since each user randomly activates and transmits information, the receiver does not know the activation information and channel information. Therefore, it is necessary to carry out channel estimation and active user identification based on the pilot sequences or embedded pilot symbols between data symbols. Although the compressed sensing (CS) based algorithm, such as orthogonal matching pursuit (OMP) algorithm [5] , compressive sample matching pursuit (CoSaMP) algorithm [6] , detection-based orthogonal matching pursuit (DOMP) algorithm [7] , and detecting-based group orthogonal matching pursuit (DGOMP) algorithm [8] exhibit superior performance, they suffer from performance loss when the number of received pilot resources is further decreased. Thus, in [9] , sparse Bayesian learning (SBL) [10] is proposed for channel estimation and data detection in orthogonal frequency division multiplexing (OFDM) system. The authors in [11] and [12] propose that SBL algorithm can be applied to solve the blind active user detection problem in UL grant-free NOMA transmission. A fading block structure is proposed in [11] , where the complex channel gain for each user in each fading block of coherent bandwidth is assumed to be constant and may vary independent. And the authors in [12] formulated the active user detection problem as a block sparse signal recovery problem.
The SBL based active user detector proposed in [11] and [12] are both perform in frequency domain. And they assume that the total resource block can be divided into several fading blocks, every user is synchronized both in symbol level and block level. However, the authors in [13] and [14] point out that there will exist different time offset when signals from different users arrive at the receiver asynchronously. This is because that users are geographically distributed and signals from different users propagate via different paths and encounter various multipath effects. Moreover, the fading block size depends on channel conditions, i.e., the more severe channel fading is, the smaller block size is. Thus, taking asynchronous access and multipath fading into account, the fading block structure is not appropriate any more. To solve this problem, in this paper, we propose that the traditional frequency domain channel estimation can be converted to the time domain. In time domain, because of access delay and independent multipath channel taps, the channel impulse response of each user is a sparse vector. To utilize the time domain channel sparsity and the features of asynchronous access and multipath fading channel, we investigate an asynchronous sparse Bayesian learning (ASBL) algorithm.
In addition, to avoid missing detection, the CS-based algorithms, such as OMP, DOMP, and DGOPM, may lead to large false alarm rate (i.e., some inactive users are estimated as active). This large false alarm rate will bring additional complexity to the data decoding part. To reduce the false alarm rate, a classification method in machine learning can be utilized to classify the estimated channel responses. The authors in [15] comb through several promising research directions in artificial intelligence (AI) for 5G technologies. In NOMA schemes, traditional machine learning and deep learning methods are also attractive. In [16] , deep learning techniques are employed in NOMA system to improve the effectiveness and reliability. The authors in [17] proposed a deep recurrent neural network-based algorithm to solve the resource allocation problem optimally and rapidly in NOMA, and provided a deep recurrent neural network (RNN) based resource allocation implementation scheme. Moreover, in [18] , two enhanced block CS-based greedy algorithms are developed to improve the multiuser detection performance by reasonably setting the detection threshold.
In this paper, we consider about introducing a machine learning based classification method to perform the active user classification. Support vector machine (SVM) proposed by Vapnik in [19] is a classification method of structural risk minimization and has the characteristics of small training data set, strong generalization ability, and global minimum. SVM has been successfully utilized to solve classification problems in various communication scenarios. In [20] , the SVM algorithm is applied in code division multiple access (CDMA) system, where the CDMA MUD problem has been converted to a classification problem and solved by using SVM as classifier. The authors in [21] propose an online learning SVM-MUD receiver in CDMA system, the main idea of this method is that the detector updates the training dataset periodically and retrains the SVM classifier with an incremental training algorithm. In [22] , a blind estimation algorithm of source number based on SVM is proposed, where the estimation problem of number of source signals is turned into the problem of multi-class classification and solved by SVM classifier. Motivated by the features of SVM, the SVM classifier is utilized in this paper to separate the channel responses into two categories to identify active users.
The main contribution of this paper is summarized as follows.
• We consider an asynchronous UL grant-free transmission scenario in this paper, and analyze the feasibility of using CP to mitigate asynchronous effect with the consideration of different access delay and multipath delay of each user.
• We propose a new algorithm to estimate channel responses for asynchronous UL grant-free transmission. In order to utilize the access delay and the multipath delay features of the system, we turn the traditional frequency-domain channel estimation problem into time domain, and then solves the time-domain channel estimation problem based on SBL algorithm. To simplify the description, this method is defined as ASBL in this paper.
• A SVM classifier is utilized in this paper to complete the active user identification. After ASBL estimation, we can obtain the estimated time-domain channel responses, but there exist a lot of inactive users which are estimated as active users. Thus, this paper utilizes the estimated time-domain channel responses as training samples to build a SVM classifier, and then perform the active user classification by separates channel responses into two categories.
• An extensive link-level simulation is fulfilled to evaluate the performance of the proposed receiver based on ASBL and SVM. We compare the channel estimation performance and active user identification performance with other CS-based methods in two aspects, one is the under the fixed active uses number and the other is with the given signal noise ratio (SNR). The simulation results verify the performance improvement of the proposed receiver. The rest of this paper is organized as follows. Section II introduces the system model of asynchronous access and pilot transmission. Section III describes the multi-user detection receiver proposed in this paper, including channel estimation based on ASBL and active user identification based on SVM. Section IV evaluates the proposed receiver via extensive simulation, and verifies the performance improvement. Section V is the conclusion of this paper.
II. SYSTEM MODEL A. SYSTEM MODEL OF UL ASYNCHRONOUS NOMA
The basic resource supporting the UL grant-free transmission is the contention transmission unit (CTU), a timefrequency resource that transmits pilot sequences and user data. We adopt the UL grant-free structure defined by the LTE technical specification. Each CTU in the frequency domain occupies L subcarriers, and in the time domain is defined as 14 OFDM symbols, where the first OFDM symbol is used for pilot transmission and other OFDM symbols are employed to data transmission. Fig. 1 shows the symbol structure of the received signal from two non-orthogonal asynchronous users in an OFDM-based asynchronous uplink NOMA system. This asynchronous communication may occur since the distance between the two users and the receiver are different. The relative time difference (time offest) between two asynchronous users is defined as τ, τ ≥ 0. To mitigate the asynchronous effect, the CP in OFDM system is utilized as the protection prefix. We assume that T pr and T CP represent the duration of each user's transmitted symbol and the guard interval duration, respectively. The receiver removes the data of the CP position from the reference position, i.e., the start FIGURE 1. Symbol structure of UL asynchronous NOMA in time domain. position of Fig. 1 , and selects the remaining data length of T pr − T CP as the received signal. Without considering multipath delay, the received signal structure can be classified into two cases with respect to the region of τ . If 0 ≤ τ ≤ T CP , as shown in Fig. 1 (a), the part intercepted by the receiver can completely contain the pilot sequence of two users, and will not effected by data symbols. Otherwise, as shown in Fig. 1(b) , the inter-symbol interference (ISI) will be introduced in the considered useful signal interval. Therefore, we can reasonably assume that the ISI can be perfectly eliminated if the length of CP is long enough for asynchronous time offset.
Actually, although the access delay of each user is unknown, the maximum access delay of all users τ max can be obtained from the coverage radius of the receiver. If multipath delay of each user is taken into considered, by fixing the maximum multipath delay τ d , we can consider τ d + τ max as the maximum time offset. Hence, the receiver can intercept the complete pilot sequence without ISI when
B. SIGNAL MODEL OF PILOT TRANSMISSION
In this paper, we assume that one OFDM symbol occupies L subcarriers in the frequency domain, and the pilot transmission in the time domain occupies only one slot. In other words, the pilot sequence of each potential user has the length of L. In order to ensure that the pilot sequence of each user is different, if there are N different pilot sequences, the system can accommodate up to N potential users. Besides, this paper assumes that all transmitters and receivers have only one antenna.
Supposing that there are J active users respectively delivery pilot sequence of length L on one CTU, the frequencydomain equivalent baseband signal at the receiver is
where is the active user set with the user sparsity | | = J , P j ∈ C L×1 and H j ∈ C L×1 denote the pilot sequence and the frequency-domain channel response of j-th active user respectively, diag(P j ) stands for the diagonal matrix of P j , and Z ∼ CN (0, σ 2 I) is the noise. The subscript 'p' in Y p denote 'pilot'. In the following section, we only consider channel estimation, thus we ignore this subscript and use Y to observed pilot signals. By introducing the activity identification, (1) can be rewritten as
where
where P and H denote the pilot sequence matrix and frequency-domain channel response matrix of all potential users respectively, I n ∈ {0, 1} for n = 1, 2, · · · , N is the activity identification of the n-th user, i.e., I n = 1 if n ∈ , while I n = 0 if n / ∈ .
III. PROPOSED RECEIVER FOR ASYNCHRONOUS UL NOMA
The proposed receiver utilizes the ASBL algorithm to perform time-domain channel estimation based on the known potential pilot set and maximum asynchronous time offset, and then utilizes SVM classifier to identify active users by separating the estimated channel responses into two categories. Therefore, the active users and the corresponding time-domain channel responses are obtained through the above two steps.
A. CHANNEL ESTIMATION BASED ON ASBL
Since a small number of users are activated in mMTC, the channel responses of inactive users can be considered as a zero-vector. In other words, the channel response matrix H of all potential users which need to be detected is a sparse vector. Thus, the channel estimation problem can be regarded as a typical sparse vector representation problem:
where Y is the target vector, is the measurement matrix and each column is a possible over-complete basis vector, x is the weight vector that needs to be learned, and Z is the noise. According to [11] , the SBL algorithm considers the unknown vector x obeys a parameterized priori distribution as
where γ is the priori control hyperparameter. The hyperparameter γ can be obtained based on the maximum likelihood (ML) estimation of the edge probability of the target vector Y. Once the value of γ is obtained, the posterior distribution of x is Gaussian. So the maximum likelihood estimate of the weight vector x can be obtained by maximizing the posterior probability density p (x|Y). The specific calculation method and formula derivation can refer to [12] , this paper will not describe it in detail. It is pointed out in [11] that the SBL algorithm can obtain the locally optimal solution when the number of non-zero elements in the sparse weight vector is less than the rank of the measurement matrix. To satisfy this condition for the rank, the authors in [12] assume that the frequency channel response in a fading block between one user and receiver is the same. But in this paper, because of the asynchronous access and the multipath fading, the frequency-domain channel responses on each subcarrier are different. In addition, the traditional frequency-domain channel estimation schemes do not take into account the feature of multipath differences among users. Therefore, in order to satisfy the condition of rank in [11] and utilized the sparsity of multiple fading channel, the receive pilot signal in (1) is rewritten as
where τ j is the access delay of the j-th active user, h j ∈ C N ch ×1 is the time-domain channel response between j-th active user and receiver, N ch is the length of time-domain channel (the unit of measurement sampling points), and W τ j+N ch is the first τ j + N ch columns of a DFT matrix. In this paper, we assume that the number of multipath taps of all users N tap is fixed and smaller than N ch , but each user experiences independent multipath delays. By this step, the SBL algorithm is extended to ASBL in this paper, which can be used to estimate the time-domain channel response under asynchronous access scenario by turning the measurement matrix to the product of the DFT matrix and the pilot set matrix.
Since the coverage radius of the receiver is fixed, even the access delays of every active user are different, the maximize access delay τ max is known. So (6) can be rewritten as
By introducing the access delay into time domain channel, the equivalent time domain channel response of each user with different access delay and multipath delay is obtained in (9) . It is a sparse vector of length N ch + τ max , where the number of non-zero elements is N tap . Rewriting (7) in matrix form as
T ,
In (12), x contains the active information and the time domain channel responses of all users. Besides, x is a sparse vector. Moreover, the rank of the measurement matrix is rank ( ) = L. Hence, we can use the ASBL algorithm to recover x when the number of non-zero elements VOLUME 7, 2019 in x is smaller than the rank of the measurement matrix, i.e., J × N tap < L.
The main steps of ASBL-based channel estimation are summarized in Algorithm 1, where an expectation maximization (EM) procedure is implemented to find the ML solution to the priori parameters γ and x. Estimated channel response of all users:x ABSL ; Initialize:
B. ACTIVE USER IDENTIFICATION BASED ON SVM
Since there are only two kinds of channel estimation results, i.e., active ones and inactive ones, this paper proposes that the two-category classification method SVM can be utilized to classify all users. According to [23] , the basic principles of SVM are as follows.
Suppose there is a sample set {(
, where x i ∈ C M ×1 is the feature vector of the i-th training sample, y i ∈ {−1, 1} is the label corresponding to the i-th training sample, M and n donates the number of sample features and the total number of training samples, respectively. If the samples are linearly separable, there is a hyperplane that divides the samples into positive and negative samples, and the hyperplane can be expressed as
where ω ∈ C M ×1 is the normal vector of the hyperplane and b is the intercept of the hyperplane. Therefore, the target of the training is to learn ω and b based on interval m i = f ω,b (x i ) y i of each training sample. After the optimal ω and b are found, we can obtain the hyperplane and use it to correctly classify all training samples. For linearly separable samples, there are infinite solutions that can correctly classify all samples, here we choose the hyperplane which can most abundantly separate positive and negative samples as the optimal solution. This most abundant improvement corresponds to the maximum value of the regularized interval
Thus, the optimization model of SVM is
which represents to maximize the regularization interval of the samples with interval greater than 1. Since in most cases, the samples are not completely linearly separable, we introduce a soft-margin support vector machine algorithm. The soft-margin SVM classifier allows a small error in the calculation of the interval, and this small error is defined as the slack variable. Thus, the optimization problem model of soft-margin SVM is
where ξ i is the slack variable representing the allowed small error in classification, C is the parameter of the acceptable range of modulation error, defined as the penalty coefficient. The larger C is, the closer the n i=1 ξ i is to zero, and the soft-margin SVM is closer to the hard-margin SVM.
This paper considers the online SVM scheme mentioned in [22] . That is, after each training, the existing classification results are used as samples for the next training. Hence, the obtained time-domain channel responses and the active user index are saved as the samples for subsequent training after each classification under the current SNR. In the T -th training, the modulus values of the estimated time-domain channel responses are saved as training feature vectors, i.e.,
is the time-domain channel response of i-th user obtained by the t-th classification (t < T ). The active identifier of the corresponding user is also saved as the training sample label for the T -th training, i.e.,
whereˆ (t) is the active user index obtained from the t-th classification. The results of the ASBL are saved directly as training samples if T = 1. Since SVM achieve a good generalization performance even when the number of samples is small, in order to reduce the training complexity, we do not save the results of each iteration as a training sample. Instead, the training set can be updated every time interval to accommodate changes in the system. By training the samples
, we can obtain the hyperplane with optimal ω and b. An accurate active user index can be obtained by classifying the current channel estimation results based on the distances between them and the hyperplane.
Since we save the previous classification results as the sample of next training, the errors in training samples will lead to a large classification error in SVM. So we need to preprocess the samples before training the SVM classifier. Assuming that the number of user channel multipath taps N tap is known, we can only save the corresponding N tap maximum channel taps as sample features in each iteration to obtain a more accurate training sample x train t,i ∈ C N tap ×1 . In addition, since the classification and calculation in SVM algorithm are based on the interval between samples, the training samples x train and the test samples x ASBL need to be normalized before training and classification.
The process of active user classification based on SVM is shown in Algorithm 2. 
IV. SIMULATION RESULTS
In the simulation, we assume that there are N = 30 potential users, therefore 30 different pilot sequences with a length of L = 24 are used. The DMRS sequence specified in the 3GPP LTE [24] is used as the pilot sequence for UL grant-free asynchronous NOMA transmission. The simulation is fulfilled in multipath rayleigh fading channel. Users employ power control to compensate for the pathloss, such that the received signal power of all users at receiver can be assumed to be approximate. We also assume that each active user has independent channel taps with a maximum number of multipath components of 4 and a non-zero tap number of 2. Besides, the maximum access delay τ max of all users is fixed and known in this system. Specific simulation parameters are shown in TABLE 1. The simulation is compared with the following two algorithms:
• OMP algorithm [5] : The OMP algorithm is based on CS detection. It traverses all possible pilot sequences in each iteration, and finds the active pilot by calculating the correlation between each pilot sequence and the received signal. The active pilot is then used for channel estimation. When the user sparsity is unknown, the OMP algorithm can only terminate the iteration by judging whether the residual converges.
• DOMP algorithm [7] : The DOMP algorithm can carry out the channel estimation without the knowledge of user sparsity. It deduces the threshold of termination iteration by analyzing the residuals between pilot sequence and the received signal. To adapt the asynchronous NOMA transmission, the OMP and DOPM algorithms are both extended to time domain by the method in section III.
In Fig. 2 , we compare the channel estimation mean square error (MSE) performance with SNR among the ASBL, ASBL+SVM, OMP, DOMP algorithms with 4 active users. The MSE between practical channel responses and the estimated channel responses is defined as
where N iter is the number of iterations, h (i) andĥ (i) denote the practical time-domain channel responses and the estimated time-domain channel responses in the i-th iteration, respectively. As shown in Fig. 2 , the proposed receiver based on ASBL algorithm can achieve better channel estimation performance than the OMP and DOMP algorithms in asynchronous NOMA transmission, and the SVM scheme only classifies the channel estimation results, so it will not affect the channel estimation performance of ASBL. In Fig. 3 , the relationship between the miss detection rate and SNR with 4 active users is shown. The miss detection rate is the probability that an active user is identified as inactive. We can observe that the proposed ASBL algorithm can get a lower miss detection rate than other CS-based algorithms. Moreover, the usage of SVM classifier has an negligible impact on the miss detection rate when SNR is low. Note that for the active user detection problem, the system needs a lower miss detection rate, because if an active user is identified to be inactive, then neither channel estimation nor subsequent data decoding can detect the existence of this user and recover its transmitted data. So the ASBL-based receiver has a superior detection performance than CS-cased receiver. 4 that when the number of active users is the fixed, the proposed receiver can greatly reduce the false alarm rate by using the SVM classifier to identify active users, and this performance improvement will be enhanced with the increase of SNR. This is because that the OMP algorithm relies on the prior sparsity of users, and the DOMP algorithm decides the decision threshold through fixed false alarm probability. Therefore, the false alarm rate of these two CS-based algorithms will not change with SNR. But the algorithm proposed in this paper can obtain a lower false alarm rate by utilizing the ASBL algorithm to estimate time-domain channel responses. More importantly, the proposed receiver utilizes SVM classifier on the channel estimation results, this superior classification scheme can greatly reduce the false alarm rate. Besides, the correctness of training samples increases when the channel estimation performance of ASBL improving with the SNR increases, thus the classification error of SVM classifier gets smaller, and the false alarm rate reduces with the increase of SNR. Fig. 5 presents the false alarm rate performance with different active user number while SNR is set to be 10dB. As shown in Fig. 5 , under the same SNR, the proposed receiver can achieve much better false detection rate performance than other algorithms. The proposed ASBL+SVM algorithm achieve a very low false alarm rate when the number of active users is smaller than 3, while other three algorithms suffer from a higher false alarm rate. This shows that SVM classifier plays an important role in reducing the false alarm rate. With the increase of the number of active users, the false alarm rate performance of the all algorithms degraded, but the proposed ASBL+SVM algorithm is still superior.
We also compare the miss detection rate of the proposed receiver and other CS-based algorithms under a given SNR in Fig. 6 . It shows that with the same number of active users, the proposed receiver can get the lower miss detection than OMP and DOPM algorithms. Although the miss detection rate of the proposed ASBL+SVM algorithm and the ASBL algorithm is a little bit higher than the other two CS-based algorithms when the number of the active users is smaller than 2, this performance difference actually can be negligible because of the small values. Moreover, when the number of active users is smaller than 5, which means the constraint of rank in ASBL is satisfied, the miss detection rate of the proposed ASBL+SVM algorithm is much lower than other algorithms. We can also observe that the curves of ASBL algorithm and ASBL+SVM algorithm drop slightly when the number of active users is smaller than 3. This is because that when the number of active users is small, SBL algorithm will converge to the global minimum point or local minimum point at other sparse solutions, resulting in convergence error.
Therefore, it can be concluded that the receiver algorithm proposed in this paper performs better in detection performance than other algorithms, and can obtain a more accurate active user set by utilizing the SVM classifier.
V. CONCLUSION
This paper proposes a new receiver for UL grant-free asynchronous NOMA transmission. Firstly, we give the symbol structure of asynchronous NOMA transmission and propose that the asynchronous effect can be eliminated by the CP with the adequate length. The ASBL algorithm is proposed to estimate the time-domain channel responses. The SVM classifier is utilized to identify active users based on the estimated channel responses. We also verify the performance of the proposed receiver by simulation. Simulation results demonstrate that the proposed receiver is more suitable for UL grant-free asynchronous NOMA transmission than other existing algorithms. Besides, the proposed receiver has a superior detection performance, and it achieves a lower false alarm rate without effecting the performance of channel estimation and the miss detection rate. 
